Pipelines are exposed to the severe threat of natural disasters, where the damage caused by landslides are particularly bad. Hence, in the route arrangement and maintenance management of pipeline projects, it is particularly important to evaluate the regional landslide hazards in advance. However, most models are based on the subjective determination of evaluation factors and index weights; this study establishes a quantitative hazard assessment model based on the location of historical landslides and the Levenberg-Marquardt Back Propagation (LM-BP) Neural Network model was applied to the pipeline area. We established an evaluation index system by analyzing the spatial patterns of single assessment factors and the mechanism of landslides. Then, different from previous studies, we built the standard sample matrix of the LM-BP neural network by using interpolation theory to avoid the serious influence of human factors on the hazard assessment. Finally, we used the standard sample matrix and the historical data to learn, train, test, and simulate future results. Our results showed 33 slopes with low hazard (accounting for 10.48% of the total number of slopes and corresponding to approximately 32.63 km 2 ), 62 slopes with moderate hazard (accounting for 19.68% of the total number of slopes and corresponding to approximately 65.53 km 2 ), 112 slopes with high hazard (accounting for 35.56% of the total number of slopes and corresponding to approximately 123.55 km 2 ), and 108 slopes with extremely high hazard (accounting for 34.29% of the total number of slopes and corresponding to approximately 150.65 km 2 ). Local spatial autocorrelation analysis indicated that there are significant "high-high" and "low-low" aggregation of landslide hazards in the pipeline area. By comparing the model results with the past landslides, new landslides and landslide potential points, its prediction capability and accuracy were confirmed. On the basis of the results, our study has developed effective risk prevention and mitigation strategies in mountain areas to promote pipeline safety.
Introduction
Landslides are regarded as one of the most dangerous natural disasters in the world, and they are a serious threat to agricultural land, infrastructure, and human life [1, 2] . Land slide disasters in China cause great harm, and their wide distribution greatly impacts regional natural environments and economic development [3, 4] . A destructive landslide can lead to pipe bending, deformation, and even fractures that can cause natural gas leakage, casualties, property losses, and environmental damage. These events are a serious threat to pipeline safety and human health [5] [6] [7] .
In recent years, the hazard assessment of landslides in pipeline areas has attracted wide attention from domestic and foreign scholars in geology, petroleum, and other fields from many parts of the world. With the dramatic change of ecological environments and aggravation of landslides in hilly regions, a highly efficient and reliable system for landslide hazard assessment is needed [8] . Landslide hazard assessments can be divided into a single assessment and a regional assessment, according to the size of the evaluation area [9, 10] . A single assessment can be defined by deterministic numerical models based on the conservation equations [11, 12] . We can use such models to identify the potential hazard based on different scenarios. Due to the computational cost required to model the landslides, these models can be implemented in a graphics processing unit (GPU) to speed up the simulations [13] . The qualitative [14] , quantitative [1] , and semi-quantitative [15] methods can be taken in landslide hazard assessment. Various quantitative models and techniques have been proposed for assessment and zonation, such as the multivariate regression model [16] , the information value model [17] , discriminant analysis [18] , and artificial neural networks [19] . The landslide quantitative hazard assessment methods are usually defined as two major categories: mathematical methods [20] and machine learning methods [21] . These methods provide a good foundation for regional landslide hazard assessment in pipeline areas, but most of them are based on subjectivity for the selection of evaluation factors and the weight of evaluation indexes, which can affect the accuracy and objectivity of evaluation results [22] .
Artificial neural networks have overcome these shortcomings and reduced the influence of subjectivity. Among them, humans have widely used the back propagation (BP) neural network with multi-layer feed. However, it contains some defects in the process of network training and learning, such as it can easily fall into a local minimum, there is slow convergence, and it is not easy to guarantee the generalization ability of the network model or determine the network structure quickly [23, 24] . To overcome these shortcomings of the traditional BP algorithm, a large number of improved BP algorithms have been proposed, one of which is the Levenberg-Marquardt (LM) algorithm (Marquardt least square). The algorithm has the advantage of the Gauss Newton and gradient descent algorithm with both the global searching and local fast convergence characteristics. Thus, the local fast convergence is the biggest advantage of the LM-BP neural network, which saves a lot of computing time in neural networks with mass data [25, 26] . With the increasing construction of oil and gas pipelines in China, it is imperative to fully understand the hazard zoning of various oil and gas pipelines to ensure energy security. For the landslide hazard assessment in pipeline areas, the LM-BP neural network method is especially worth trying.
In this study, we built the standard sample matrix of the LM-BP neural network by using interpolation theory based on historical landslide positions and the classification of landslide hazard grades corresponding to different intervals. Ultimately, this quantitative assessment of regional landslide hazards is completed by comprehensively utilizing geographic information systems, remote sensing technology, and machine learning methods, and using the Guangyuan section of the Lan-Cheng-Chong (LCC) products oil pipeline in China as a case study.
Study Area
The LCC oil pipeline, one of the ten priority projects for China to implement Western Development, is the longest pipeline in China that primarily exports oil products. It begins in the Gansu province and runs through two provinces (Shanxi province and Sichuan province) [27] . The study area is located between 105 • 23 -105 • 49 E and 32 • 12 -32 • 37 N, straddling 19 townships from north to south.
Geosciences 2019, 9, 449 3 of 23 The area belongs to Guangyuan city of the Sichuan province in southwest China (Figure 1 ). Our study area covers slope regions on both sides of the pipeline based on a buffer zone around the pipeline with a radius of five kilometers. Pipelines in normal operation which are 82 kilometres within the K558-K642 mileages may be affected by the slope areas. Guangyuan is a high incidence zone for landslide disasters, some of which have occurred 300 times in the Chaotian and Lizhou districts [28] . Therefore, the safe operation of the LCC oil pipeline is seriously threatened by landslide disasters in this area. The study area, located on the northern edge of Sichuan, is characterized by hilly topography, crisscrossed networks of ravines, and steep slopes. The precipitation in the region is abundant, with high flow rivers. A strong fluvial incision is attributed to a large topographic drop and turbulent flow in the northern region, and this is a main factor in the development of geological disasters. In addition, two large unstable faults make the study area geologically unstable, therefore making the area prone to frequent disasters [29] .
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Data Sources
Basic data acquisition and data processing work can have huge impact on the accuracy of regional landslide hazard assessments. Digital elevation model (DEM) data (30 m) used in this paper were downloaded from the Geospatial Data Cloud (available online: http://www.gscloud.cn/). The China Meteorological Administration provided the precipitation data for individual years from 1990 to 2015 (http://data.cma.cn/). The data were collected from 18 meteorological stations within and around the research region, and were interpolated at 30 × 30 m resolution using the kriging method. Remote sensing images (multispectral, resolution 2 m) taken from the Gaofen-1 (GF-1) satellite in January 2016 were obtained from the remote sensing center in Sichuan. ENVI 5.3.1 was used for image processing and included geometry correction, radiation correction, and noise removal.
In addition, data relating to geology and landslide disaster (historical landslide sites) were sourced from geological environment monitoring station in Sichuan province. The data obtained from this station consisted of the location, time, casualties and property damage of landslide events across the study area from 1990 to 2015. There are 106 landslides for model training around and within the study area, more details are shown in Table A1 . New landslide sites from 2016 to 2018 were obtained from 
In addition, data relating to geology and landslide disaster (historical landslide sites) were sourced from geological environment monitoring station in Sichuan province. The data obtained from this station consisted of the location, time, casualties and property damage of landslide events across the study area from 1990 to 2015. There are 106 landslides for model training around and within the study area, more details are shown in Table A1 . New landslide sites from 2016 to 2018 were obtained from the resource and environmental data cloud platform (http://www.resdc.cn/), more details are shown in Table A2 . These landslide sites can be used to validate the veracity of our results. In addition, Geosciences 2019, 9, 449 4 of 23 165 landslide potential points were obtained from the SICHUAN Geological Hazard Potential Points Query System provided by the Sichuan Natural Resources Department.
Methods

Assessment Unit
As the assessment unit for this study, the slope unit is commonly the basic element of hazard assessment for a regional landslide, and its division precision and scale are closely related to the results of the evaluation [30] . Using DEM as the data source, hydrologic analysis in ArcGIS (v. 10.2) was used to divide the slope (315 slope units). Based on GF-1 satellite remote sensing images, methods such as boundary correction, fracture filling, and fragment combination were adopted to manually recognize and correct the unreasonable slope unit. Details are shown in Figure 2 .
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Assessment Unit
As the assessment unit for this study, the slope unit is commonly the basic element of hazard assessment for a regional landslide, and its division precision and scale are closely related to the results of the evaluation [30] . Using DEM as the data source, hydrologic analysis in ArcGIS (v. 10.2) was used to divide the slope (315 slope units). Based on GF-1 satellite remote sensing images, methods such as boundary correction, fracture filling, and fragment combination were adopted to manually recognize and correct the unreasonable slope unit. Details are shown in Figure 2 . 
Assessment Factors
Based on previous research [4, [31] [32] [33] [34] and construction principles of the indicator framework (e.g., regional differences, obvious primary and secondary indexes, clear evaluation scale, independence, an availability), a system that included various internal and external factors was constructed. The factors chosen for the eleven indexes were derived from landforms, land cover, geology, and precipitation. For instance, the precipitation factor is an external factor that can induce an occurrence of a disaster, and it consists of the variation coefficient of annual precipitation and annual mean rainfall (AAR).
Landform
The distribution of landform factors including elevation, height differences, the topographic profile curvature (TPC), slope, and aspect are shown in Figure 3 . Elevation affects vegetation coverage and the intensity of human activities, as well as stress in the slope. Figure 3a shows that the study area is located in a low middle mountain with a gully that creates a crisscross pattern, creating a strong fluvial incision with great height differences, especially in the Pujia and Xibei townships. The altitude 
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Landform
The distribution of landform factors including elevation, height differences, the topographic profile curvature (TPC), slope, and aspect are shown in Figure 3 . Elevation affects vegetation coverage and the intensity of human activities, as well as stress in the slope. Figure 3a shows that the study area is located in a low middle mountain with a gully that creates a crisscross pattern, creating a strong fluvial incision with great height differences, especially in the Pujia and Xibei townships. The altitude is relatively high in these regions, ranging from 475 to 1328 m. The slope degree has a great influence on slope stability [35, 36] , and there is an obvious change of slope in the study area. The maximum slopes occur in the Xibei and Pujia townships, and the lower average slopes occur along both sides of the Jialing River ( Figure 3b ). In addition, conditions of different slope aspects, like solar radiation intensity, affect the groundwater pore pressure profile and the physical and mechanical characteristics of the soil and rock by changing vegetation cover, slope erosion, and evaporation. These characteristics ultimately affect slope stability [37] . Most of the aspects in the area are southeast and southwest ( Figure 3c ). The relative height difference of slopes is one of the internal conditions that can have a significant impact on the development of landslides. Figure 3d shows that there are slopes with large relative height differences in the north of the pipeline area, and slopes with small relative height differences in the central part. It is important to note that landslides play a significant part in the history of geomorphic development, and landslides, at their essence, are a geomorphologic process on a slope. A slope with topographic profile curvature greater than 0.5 is classified as a convex slope, slopes with less than −0.5 are classified as concave slopes, and the rest of the slopes are classified linear slopes [38] . The curvature distribution of the slopes in the study area is complex ( Figure 3e ). is relatively high in these regions, ranging from 475 to 1328 m. The slope degree has a great influence on slope stability [35, 36] , and there is an obvious change of slope in the study area. The maximum slopes occur in the Xibei and Pujia townships, and the lower average slopes occur along both sides of the Jialing River ( Figure 3b ). In addition, conditions of different slope aspects, like solar radiation intensity, affect the groundwater pore pressure profile and the physical and mechanical characteristics of the soil and rock by changing vegetation cover, slope erosion, and evaporation. These characteristics ultimately affect slope stability [37] . Most of the aspects in the area are southeast and southwest ( Figure  3c ). The relative height difference of slopes is one of the internal conditions that can have a significant impact on the development of landslides. Figure 3d shows that there are slopes with large relative height differences in the north of the pipeline area, and slopes with small relative height differences in the central part. It is important to note that landslides play a significant part in the history of geomorphic development, and landslides, at their essence, are a geomorphologic process on a slope. A slope with topographic profile curvature greater than 0.5 is classified as a convex slope, slopes with less than -0.5 are classified as concave slopes, and the rest of the slopes are classified linear slopes [38] . The curvature distribution of the slopes in the study area is complex ( Figure 3e ). 
Land Cover
The land cover in the landslide area consists of loose matter with high water content and seriously degraded vegetation. The placement of vegetation and various planting methods have extremely complicated effects on slope stability. Dense vegetation roots go deep into the soil and serve to anchor and enhance the surface strength of the soil, but if vegetation is wedged into dense rock, this will reduce 
The land cover in the landslide area consists of loose matter with high water content and seriously degraded vegetation. The placement of vegetation and various planting methods have extremely complicated effects on slope stability. Dense vegetation roots go deep into the soil and serve to anchor and enhance the surface strength of the soil, but if vegetation is wedged into dense rock, this will reduce slope strength. Obviously, the more developed the root system in the soil is, the stronger its anchoring effect will be. In addition, a developed root system can effectively suppress and weaken slope deformation, thereby reducing the probability of landslides. The normalized difference vegetation index (NDVI) is an indicator of vegetation coverage, and the normalized difference water body index (NDWI) can be used to reflect soil moisture. The NDVI and NDWI were both extracted from the GF-1 image, and the calculation expression is as follows:
Geosciences 2019, 9, 449 6 of 23
where NIR is the spectral reflectance in the near infrared; Red is the reflectance in the red band; and Green is the reflectance in the green band. The NDVI value and NDWI value of the Xiasi, Baolun, and Panlong townships were all relatively low (Figure 4a,b) , which is due to the relatively large population density and more intensive human engineering activities.
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Precipitation
Numerous studies have indicated that precipitation, precipitation duration, and precipitation intensity are primary dynamic factors that can cause landslides. It is easy to obtain an accurate AAR for regional landslide hazard assessment (Figure 4e ), however, it is not easy to obtain individual rainfall, hourly precipitation, daily precipitation, and other data. Variation coefficient of precipitation (CVP) reflects the inter-annual variation in precipitation and is the ratio of the standard deviation of annual precipitation and AAR at a certain point ( Figure 4f ). CVP can be calculated using the following formula:
where n is number of years; Ri is the precipitation during the ith year; and R is AAR. 
Determination of Assessment Indicator
An initial indicator matrix consisting of the 315 rows and 11 columns was obtained by superimposing the slope unit layer and the indicator layer to quantify 11 initial indexes of each slope unit using ArcGIS 10.2. By considering the principle of relative independence among the indexes before establishing the evaluation indicator system, the matrix was introduced into R 3.3.1 to analyze the correlation of each indicator. 
Geology
Rock hardness, type, and interlayer structure are key internal conditions that can indicate whether or not a landslide may occur [39] [40] [41] [42] . The lithology of the study area was divided into four rock groups ( Table 1 ). The lithology that accounted for the largest area of each slope unit was obtained by overlaying the layer of the slope unit with the stratigraphic lithology layer, and then the main lithology of each slope unit was obtained and quantified ( Figure 4c ). Additionally, the presence of a fault also has a certain influence on the stability of a slope. Faulted zones and rock and earth masses within a certain range nearby will be destroyed in a geologic event, and this will reduce slope integrity. Simultaneously, groundwater channels can also produce adverse effects, such as deformation and destruction of a slope [43] . The three major faults in the area provide the geological conditions necessary for an occurrence of landslides in nearby areas. Therefore, the distance from each slope unit to the nearest fault was calculated using focal analysis between the point layer (slope unit geometric center) and the line layer (fault). The farthest distance from the fault to slope unit in the study area was found to be approximately 12 km (Figure 4d ). 
Precipitation
where n is number of years; R i is the precipitation during the ith year; and R is AAR.
Determination of Assessment Indicator
An initial indicator matrix consisting of the 315 rows and 11 columns was obtained by superimposing the slope unit layer and the indicator layer to quantify 11 initial indexes of each slope unit using ArcGIS 10.2. By considering the principle of relative independence among the indexes before establishing the evaluation indicator system, the matrix was introduced into R 3.3.1 to analyze the correlation of each indicator. Figure 5 shows that the correlation coefficient between NDVI and NDWI is 0.99, and between AAR and CVP it is 0.87, with both showing a significant correlation. Based on the information of the correlation and standard deviation among the initial indexes, NDWI and CVP were deleted from the initial evaluation system, and the rest of the nine indexes were selected as the assessment indexes for landslide hazard in the study area ( Table 2) . 
LM-BP Neural Network Mode
LM-BP Neural Network Theory
The BP neural network algorithm is widely applied in many fields because of its good generalization ability, nonlinear approximation ability, and the ease of the model construction. The damped least square method, also called the LM algorithm, was supplemented to optimize the BP neural network model to assess the landslide hazard in this paper, which has an advantage of local fast convergence. The core of the hazard assessment for regional landslide using this model is to predict the unknown area using a trained neural network whose generalization ability largely determines the accuracy of the prediction. The model has strong generalization ability, that is, the ability to predict The BP neural network algorithm is widely applied in many fields because of its good generalization ability, nonlinear approximation ability, and the ease of the model construction. The damped least square method, also called the LM algorithm, was supplemented to optimize the BP neural network model to assess the landslide hazard in this paper, which has an advantage of local fast convergence. The core of the hazard assessment for regional landslide using this model is to predict the unknown area using a trained neural network whose generalization ability largely determines the accuracy of the prediction. The model has strong generalization ability, that is, the ability to predict unknown data. In this study, the trainlm training function in MATLAB was used to implement the LM-BP neural network.
Indexes Distribution
One hundred and six landslide disasters have been recorded around and within the research area, of which 83 were located outside the region. (Figure 1 ). The farthest distance of these landslides from the pipeline has been less than 20 km. Because of the similarity of the geographical environment, the landslides not located in the study area also reflect the relationship between landslide and evaluation indexes in the study area.
According to frequency distribution of historical landslide in each assessment index ( Figure 6 ), the landslide hazard grade corresponding to each intervals of assessment indexes was divided. There were four levels of hazard grades in this research: low hazard (I), moderate hazard (II), high hazard (III), and extremely high hazard (IV). Based on field investigations and previous research results, the monotonous intervals of different hazard degrees in each index were given (Table 3 ). For example, on slopes above 60 degrees only collapses occurred and rarely any landslides. In a slope at 60 degrees to 90 degrees, the hazard degree decreased monotonously. In a slope at 0 degrees to 15 degrees, the sliding force in the interval is very small, landslides seldom occurred, even under extreme conditions such as extreme precipitation, geologic events, and human activities [44] .
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According to frequency distribution of historical landslide in each assessment index ( Figure 6 ), the landslide hazard grade corresponding to each intervals of assessment indexes was divided. There were four levels of hazard grades in this research: low hazard (I), moderate hazard (II), high hazard (III), and extremely high hazard (IV). Based on field investigations and previous research results, the monotonous intervals of different hazard degrees in each index were given (Table 3 ). For example, on slopes above 60 degrees only collapses occurred and rarely any landslides. In a slope at 60 degrees to 90 degrees, the hazard degree decreased monotonously. In a slope at 0 degrees to 15 degrees, the sliding force in the interval is very small, landslides seldom occurred, even under extreme conditions such as extreme precipitation, geologic events, and human activities [44] . 
Standard Sample
According to the function relationship between the landslide probabilities and assessment indexes, standard training samples and standard test samples were established by comprehensively considering a certain mathematical method and the classification standard of the evaluation indicator for predicting landslide hazard degree. Four steps (construction of an empty matrix, building an input vector, building an output vector, and their combination) were needed for sample construction, including the construction of a training sample and a test sample whose construction methods were alike, but the sample sizes were different. The output vectors were constructed using interpolation in each interval based on the order of hazard degree from high to low and were calculated by interpolating equidistantly from 0 to 1. Table 4 lists a portion of the standard sample matrix for training the LM-BP neural network. 
Model Establishment
The LM-BP neural network model was completed on the MATLAB 2014 platform, and the main establishment steps were as follows:
The first step was to standardize each column vector of the sample matrix using the mapminmax function of MATLAB. The principle of operation was to adopt the extremum difference method to be normalized with the following formula:
The second step was to establish a LM-BP neural network with three layers of structure: an input layer, a hider layer, and an output layer. The number of nodes in the input layer was 9, the output layer was set to 1, and the hider layer was finally determined to be 10 by referring to the corresponding formula and repeatedly testing. Additionally, the deliver function of the hider layer and the output layer were Tansig and purelin, respectively.
The third step was to train the LM-BP neural network, whose accuracy could be analyzed using the root mean square error (RMSE). The training function, trainlm, used the following parameters: Step four was to test the LM-BP neural network. Twenty sets of test sample data were selected after training to accurately determine its generalization ability ( Table 4 ).
The fifth step consisted of the following procedure. When data were input for simulation to the LM-BP neural network, which was qualified after training and preserved, the predicted value would be output automatically. The data that needed to be simulated in this research was the matrix composed of nine evaluation indexes of 315 slope units in the study area. After normalizing the data, the matrix was input into the neural network model and a simulation was run.
Spatial Autocorrelation Analysis
Spatial autocorrelation analysis is an analytical method to study whether the attribute values of spatial units are related to the attribute values of their neighbors, and it is a measure of the degree of aggregation of the observations in spatial unit [45] . It can be divided into global indicators of spatial association (GISA) and local indicators of spatial association (LISA) [46] . GISA is used to detect the degree of association and significance of attribute values in the research area. LISA is used to mine the heterogeneity of local spatial data and find out whether there are different spatial aggregation modes in the study area.
Results and Discussion
Hazard Results
The LM-BP neural network in this study was trained according to a series of steps of the model establishment, and it stopped after 182 iterations, reaching the goal precision, and RMSE value of 9.93e-09. The training result and convergence curve of the neural network are shown in Figure 7 . To verify the generalization ability of the model, the input portion of the test matrix was entered for simulation. By comparing the simulation output with the output portion of the test matrix, the error was obtained and the network could be judged for accuracy ( Table 5 ). The absolute error values of the 20 sets of test data were all less than 0.02, meeting the requirements for hazard assessment of regional landslides. The LM-BP neural network showed good generalization ability, and therefore it can be used to simulate the landslide hazards for each evaluation unit in the study area. Finally, the normalized data matrix was input into the network to simulate the landslide hazard degree of the 315 slope units. LM-BP neural network showed good generalization ability, and therefore it can be used to simulate the landslide hazards for each evaluation unit in the study area. Finally, the normalized data matrix was input into the network to simulate the landslide hazard degree of the 315 slope units. The landslide hazard grade was divided into four levels by the equal interval method: low hazard (I), moderate hazard (II), high hazard (III), extremely high hazard (IV) (Figure 8 and Table 6 ). According to statistics, the area and number of slope units in areas III and areas IV accounted for 69.85% and 73.64%, respectively. The threat degree of landslide disaster is more serious in the study area. About 90% of the slopes have the potential for landslides. The dangerous section is located north and south of the pipeline, with the local topographical relief ranging from 475 to 1328 m above sea level. The relative height difference here is more than 600 m, and the slope is between 15.3° and 37.4°. Slope degrees had a huge impact on slope stability as result of obvious changes [36] . Moreover, most of the exposed rock (shale) belongs to an easy slip rock group in the area. The type of rock and the interlayer structure are The landslide hazard grade was divided into four levels by the equal interval method: low hazard (I), moderate hazard (II), high hazard (III), extremely high hazard (IV) (Figure 8 and Table 6 ). According to statistics, the area and number of slope units in areas III and areas IV accounted for 69.85% and 73.64%, respectively. The threat degree of landslide disaster is more serious in the study area. About 90% of the slopes have the potential for landslides. The dangerous section is located north and south of the pipeline, with the local topographical relief ranging from 475 to 1328 m above sea level. The relative height difference here is more than 600 m, and the slope is between 15.3 • and 37.4 • . Slope degrees had a huge impact on slope stability as result of obvious changes [36] . Moreover, most of the exposed rock (shale) belongs to an easy slip rock group in the area. The type of rock and the interlayer structure are important internal indexes causing landslides [41] . Sufficient conditions undoubtedly contribute to the development of landslides, such as a close distance (the distance between the pipeline and fault is approximately 2 km), poor vegetation cover (NDVI is approximately 0.75), and abundant precipitation (AAR is approximately 970 mm). The integrity of the slope is reduced by faults and nearby rock masses that has been destroyed during geological events, and slope deformation and damage also caused by faults and important groundwater channels [47] . The slope conditions have adverse effects on groundwater pore pressure profile and the physical and mechanical properties of the soil and rock in vegetation cover and slope erosion as well as evaporation. Finally, these characteristics impair slope stability [37] . The extremely high hazard region is dominated by large or giant landslides that will be obviously deformed in the near future (within 2 years) or are being deformed now, with clearly visible cracks. Additionally, the pipeline is located within the interior of a potential landslide, therefore, this will affect pipeline safety and there is an urgent need to implement the prevention project in the short term. Medium and small landslides are the main types of landslides that have occurred in the high hazard region, and these are in the process of deformation or have been obviously deformed in recent years (within 2 years). These will cause upheavals, even shearing out in the frontal part of a landslide. In the event of a landslide, the safety of the pipeline that is within the range of the landslide will be affected. The region needs to be monitored carefully to mitigate the hazard. Using further comprehensive analysis of the different hazard grade regions, the hazard grade description table for landslides in the pipeline area was obtained. This describes the landslide hazard classification in terms of landslide hazard control measures ( Table 7) .
Geosciences 2019, 9, important internal indexes causing landslides [41] . Sufficient conditions undoubtedly contribute to the development of landslides, such as a close distance (the distance between the pipeline and fault is approximately 2 km), poor vegetation cover (NDVI is approximately 0.75), and abundant precipitation (AAR is approximately 970 mm). The integrity of the slope is reduced by faults and nearby rock masses that has been destroyed during geological events, and slope deformation and damage also caused by faults and important groundwater channels [47] . The slope conditions have adverse effects on groundwater pore pressure profile and the physical and mechanical properties of the soil and rock in vegetation cover and slope erosion as well as evaporation. Finally, these characteristics impair slope stability [37] . The extremely high hazard region is dominated by large or giant landslides that will be obviously deformed in the near future (within 2 years) or are being deformed now, with clearly visible cracks. Additionally, the pipeline is located within the interior of a potential landslide, therefore, this will affect pipeline safety and there is an urgent need to implement the prevention project in the short term. Medium and small landslides are the main types of landslides that have occurred in the high hazard region, and these are in the process of deformation or have been obviously deformed in recent years (within 2 years). These will cause upheavals, even shearing out in the frontal part of a landslide.
In the event of a landslide, the safety of the pipeline that is within the range of the landslide will be affected. The region needs to be monitored carefully to mitigate the hazard. Using further comprehensive analysis of the different hazard grade regions, the hazard grade description table for landslides in the pipeline area was obtained. This describes the landslide hazard classification in terms of landslide hazard control measures (Table 7 ). The hazard results are classified into four levels according to the equal interval method: low hazard (3, 13.0%), moderate hazard (5, 21.7%), high hazard (7, 30.4%), extremely high hazard (8, 34 .8%) ( Figure 8 ). In order to identify the aggregation type of landslide hazards in the pipeline area, local spatial autocorrelation analysis of 315 slope hazard indices was performed using ArcGIS 10.5 (ESRI, Inc., Redlands, CA, USA). There are two spatial correlation characteristics of landslide hazards in the pipeline area, namely "high-high (H-H)" and "low-low (L-L)" aggregation, all of which passed the 0.05 significance level test (Figure 9) . The "H-H" means the slope with a high hazard index is adjacent to the slope unit with a high hazard index. The "H-H" spatial agglomeration areas mainly occur in the southern and northern regions of the pipeline area, such as Dongxihe, Yangmu, Pujia, Xibei, Xiasi, and Yangjiayan Townships. On the contrary, the "L-L" means the slope with a low hazard index is adjacent to the slope unit with a low hazard index. The "L-L" spatial agglomeration areas mainly occur in the middle of the pipeline area, such as Panlong, Baolun towns (Figure 9 ). An Implementation of prevention and control engineering in the short term 
Validation and Comparison
We compared the final hazard assessment results with the historical landslide data in the pipeline area (Figure 8) . The statistical results demonstrate the distribution of hazard is consistent with that of Figure 9 . Spatial distribution pattern of local indicators of spatial association (LISAs) for the study area.
We compared the final hazard assessment results with the historical landslide data in the pipeline area ( Figure 8 ). The statistical results demonstrate the distribution of hazard is consistent with that of historical landslide (Table 8 ). The total percentage of landslides distributed in the moderate hazard, high hazard, and extremely hazard areas is 88.0%. Only three historical landslides occurred in low hazard areas. The landslide densities for I level is extremely low (only 0.0919 landslides/km 2 ). The landslide density increases gradually from the low hazard areas (I) to the extremely hazard areas (IV). The landslide densities for these three levels (II, III, IV) are 0.0610, 0.0728, and 0.0597 landslides/km 2 , respectively. Secondly, we performed another calculation to verify the validity of the model prediction for future landslide hazard distribution based on the past landslides. Due to the study area being relatively small, there are few new landslides in recent years. We extended our assessment area to the entire training area to verify the accuracy of hazard assessment results. We collected the latest landslide data (occurring in 2015 to 2018). The statistical results show the distribution of new landslides is consistent with the hazard analysis ( Figure 10a and Table 9 ). New landslides, of which 94.74 % are distributed in the high hazard and extremely high hazard areas, while only 5.26 % are in the low hazard and moderate hazard areas. The density of the new landslides occur in the high hazard and extremely high hazard areas is significantly higher than that of low hazard and moderate hazard areas. Furthermore, we also showed the distribution characteristics of landslide potential points to verify the hazard evaluation accuracy (Figure 10b ). In addition, we also showed the distribution characteristics of the landslide potential points to verify the accuracy of the disaster assessment (Statistics in 2019; Figure 10c ). The statistical results showed that the distribution of landslide potential points is consistent with that of the hazard level (Figure 10c ). One hundred and ten (accounting for 66.67%) and 39 (accounting for 23.64%) landslide potential points are located the extremely high hazard and high hazard areas, respectively. But only 16 landslide potential points (accounting for 9.7%) are located in low hazard and moderate hazard areas (Figure 10d ). All these showed that the prediction for future landslides based on past landslides is effective. 
Discussion
Regional landslide hazard assessment usually involves many geological and ecological environmental indicators. To truly reflect the disaster-pregnant environment and apply these data to hazard analysis, the assessment indicators need reasonable comparison and selection based on the geological and ecological environment of the study area. In general, seismicity parameters are another important factor for triggering a landslide because strong earthquakes can cause widespread landslides [48] . However, our study area is too small to possess a significantly different seismic effect during an earthquake. Additionally, the seismic energy in the small region during an earthquake can be considered uniform and its difference is negligible. Research on the Wenchuan earthquake revealed that the rockfalls and landslides triggered by the earthquake mainly occurred in a long and narrow area along the earthquake fault [49] . Therefore, the distance to the faults can be used to indicate the influence of tectonic movements (e.g., earthquakes) on landslides in the study area [50, 51] . It is highly possible that high-intensity, long-duration rainfall triggers rapidly moving landslides, causing casualties and property losses [52] . Rainfall may vary even within a few kilometers over mountainous areas in summer, and short-term rainfall strongly influenced the landslide occurrence. In this study, 10 min rainfall and one hour rainfall in the study area were obtained by analyzing meteorological station data and rainfall grid data of the national mountain torrent project ( Figure 11 ). The maximum difference of 10 min rainfall and one hour rainfall in the study area are only 1 and 1.5 mm, and there is no obvious difference among different regions ( Figure 11 ). The future research requires precise short-term meteorological data. Vegetation coverage and plant communities are strongly related to steep and unstable slopes. The widely held view is that the vegetation coverage can protect slopes by reducing erosion, strengthening soil, and inhibiting landslides, which increase general slope stability [53] . However, a positive correlation between NDVI and landslide occurrence was investigated in some areas, and higher vegetation coverage is liable to lead to landslides occurrence [51, 54] . For our study area, vegetation change in the whole area is basically consistent in the time scale, with high coverage in spring and summer and low coverage in autumn and winter. Our research focuses on the difference of each slope unit in the region, so the dynamic change of vegetation cover is of little value for a small region such as our study area. of tectonic movements (e.g., earthquakes) on landslides in the study area [50, 51] . It is highly possible that high-intensity, long-duration rainfall triggers rapidly moving landslides, causing casualties and property losses [52] . Rainfall may vary even within a few kilometers over mountainous areas in summer, and short-term rainfall strongly influenced the landslide occurrence. In this study, 10 min rainfall and one hour rainfall in the study area were obtained by analyzing meteorological station data and rainfall grid data of the national mountain torrent project ( Figure 11 ). The maximum difference of 10 min rainfall and one hour rainfall in the study area are only 1 and 1.5 mm, and there is no obvious difference among different regions ( Figure 11 ). The future research requires precise short-term meteorological data. Vegetation coverage and plant communities are strongly related to steep and unstable slopes. The widely held view is that the vegetation coverage can protect slopes by reducing erosion, strengthening soil, and inhibiting landslides, which increase general slope stability [53] . However, a positive correlation between NDVI and landslide occurrence was investigated in some areas, and higher vegetation coverage is liable to lead to landslides occurrence [51, 54] . For our study area, vegetation change in the whole area is basically consistent in the time scale, with high coverage in spring and summer and low coverage in autumn and winter. Our research focuses on the difference of each slope unit in the region, so the dynamic change of vegetation cover is of little value for a small region such as our study area. Most landslides caused by complex interactions between geological, tectonic, topographical, and meteorological factors may have nothing to do with major triggering events such as violent earthquakes or heavy rainstorms [55, 56] . Thus, the systematic understanding of regional landslide processes Most landslides caused by complex interactions between geological, tectonic, topographical, and meteorological factors may have nothing to do with major triggering events such as violent earthquakes or heavy rainstorms [55, 56] . Thus, the systematic understanding of regional landslide processes requires a comprehensive assessment of landslide events in the form of past and future landslide inventories and must be combined with regional environmental features so as to lay a foundation for objective spatial difference analyses of landslide hazard and risk [57, 58] . In recent years, various machine learning methods have been applied to landslide hazard zonation, such as random forest, artificial neural networks, and support vector machines, in which the random forest model usually has higher accuracy [59, 60] . However, all of these models are promising methods for landslide hazard assessment [60] . Although our study has not yet attempted to optimize machine learning algorithms, the interpolation theory was used to build the standard sample matrix avoiding the serious influence of human factors on the hazard assessment. This method is not only applicable to pipeline areas, and the next study is to apply the landslide hazard assessment method to different kinds of area such as highway areas and railway areas, according to local needs and available data. In the future, we can also use LM-BP to carry out landslide hazard assessments in other areas, but we need to find the best evaluation factors and evaluation units suitable for the study area according to different research purposes and different regional characteristics. This study is to evaluate the landslide hazard in a pipeline area. The 5 km buffer zone around the pipeline is used as the study area, and the slope unit is the basic evaluation unit. The implementation of the landslide hazard assessment of this study is aimed at pipeline areas, and its purpose is to provide management measures that are conducive to pipeline operation.
Conclusions
The Geographic Information System and remote sensing technology were used as tools for the timeliness and quantification of landslide hazards in a pipeline area (the Guangyuan section of the LCC long-distance pipeline). Interpolation theory was used to develop the standard sample matrix of the LM-BP neural network and establish a hazard assessment model for regional landslides. This method overcomes the problem of the traditional methods (expert scoring method, index method, and others) that are severely influenced by human factors. In addition, the hazard assessment for 315 slopes in the study area was completed, and the hazard grade of each slope unit was divided. There are 33, 62, 112, and 108 slopes in the low, moderate, high, and extremely high hazard conditions in the area, respectively. The result shows that 34.29% of the landslides are in the extremely high hazard (IV) zone, 35.56% of the landslides are in the high hazard (III) zone, 19.68% of the landslides are in the moderate hazard (II) zone, and 10.48% of the landslides are in the low hazard (II) zone. The area of each hazard grade (from low to high) slope account for 8.76%, 17.6%, 33.18%, and 40.46% of the total area, respectively. In summary, the south and north of the pipeline area is in danger. Nearly 70% of the slopes are in high or extremely high hazard areas with a high landslide possibility. The spatial patterns of hazard showed that high-hazard zones were primarily distributed in the Dongxihe, Yangmu, Pujia, Xibei, and Xiasi townships. The local spatial autocorrelation results showed that the H-H spatial agglomeration areas mainly occur in the Dongxihe, Pujia, Xibei, and Xiasi townships, and the L-L spatial agglomeration areas mainly occur in the Baolun and Panlong townships. The pipeline could suffer significant damage due to the action of a landslide. This regional landslide hazard assessment has laid a foundation for further research on pipeline safety and management. Acknowledgments: In this section you can acknowledge any support given which is not covered by the author contribution or funding sections. This may include administrative and technical support, or donations in kind (e.g., materials used for experiments).
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